This paper evaluates the relationship between the food industry and the local variations of temporary accommodation (TAs, including hotels and short-term rentals). The aim is to capture the variance of the local statistic and pinpoint areas where food and beverages (F&B) presence is highly related to TAs in London. We explain the phenomena using OLS and compare the result with the local model -Geographically Weighted Regression (GWR) and multi-scale GWR (Fotheringham et al., 2017) allowing the use of different optimal bandwidths instead of assuming that relationship varies at the same spatial scale. The comparison is presented and the result shows that the GWR model shows significant improvement over Ordinary Least Square (OLS), increasing the R 2 from 0.28 to 0.75. MGWR further improves the model estimate, increasing the R 2 to 0.77, indicating the relationship happens in different spatial scales. Lastly, as an estimate for F&B, hotels appear to perform better in a high concentration of commercial and transport links functions, whilst Airbnb seems to perform better in highly residential areas proximate to the mainstream tourist attractions. Overall, this paper describes the use of the MGWR method in cases where localities is an important aspect of the spatial analysis process.
Introduction
Simple linear regression, the most used technique in geographical analysis, assumes changes across space to be universal, which is not always the case in the spatial context. Variations across geographical space, known as spatial nonstationarity, might be lost when analysing using simple global fitting exercises such as Ordinary Least Squared (OLS) (Brunsdon et al., 1996) . Therefore, geographically weighted regression (GWR), provides an alternative method to analyse and model the complex spatial variations in local parameter estimates (Fotheringham, 1997; Brunsdon et al., 1996; Fotheringham et al., 1998) . The developed method extends the traditional linear regression technique to incorporate spatial heterogeneity in different regions by allowing the parameter estimate to vary locally (Fotheringham et al., 2003) . GWR has been used extensively to describe relationship in various fields, including but not limited to crime analysis (Cahill and Mulligan, 2007) , population research (e.g drug resistance distribution (Shoff and Yang, 2012) ), epidemiology (e.g nutritional epidemiology (Yoo, 2012) and infectious disease epidemiology (Liu et al., 2011) ), physical environment (e.g rainfall and altitude study (Brunsdon et al., 2001) , land use and water quality study (Tu, 2011) ), and various other fields of study.
However, GWR has several limitations including the issue of multiple hypothesis testing that can give us results of false positives (da Silva and Fotheringham, 2016) and accuracy problem due to the assumption on a univariate scale by using a single bandwidth (Yu et al., 2019) . To overcome some of these issues, Fotheringham et al. (2017) , Yu et al. (2019) and Oshan et al. (2018) proposed an extension of GWR method to include the computation of optimum bandwidths in each iteration of the local parameters, using multi-scale geographic weighted regression (MGWR). This new method improves the common GWR model mainly by eliminating the assumptions that variations occur within the same scale (Yu et al., 2019) . In contrast, MGWR allows multi-scale modelling, overcoming the issue of multiple testing as well as increasing the reliability by introducing multiple bandwidths (Fotheringham et al., 2017) . This paper implements three models -OLS, GWR and MGWR -to analyse the relationship between competing temporary accommodation (TA) types in urban tourism -the traditional forms (hotels) and short-term rentals (Airbnb). The purpose is to explain how these establishments can be used as a proxy for the distribution of the food industry in various spatial locations 1 in London. It adds our comprehension of the effect of spatial heterogeneity on industry location as local land-use within a city can be thought of as reactive to the impacts of urban tourism (Page et al., 1995) . As indicated in previous studies, there is a strong positive relationship between traditional accommodation, hotels, and places of interest in many cities (Lee et al., 2018) . However, the rapid rise of short-term rentals (STR), through Online Platform Economy (OPE) such as Airbnb has somewhat changed the nature of tourism, especially in urban settings. Given that Airbnb can fundamentally be located wherever residential properties are available, it has been argued by Guttentag (2015) that this leads to increased dispersal of tourists in areas not typically regarded as central tourist destinations. Zervas et al. (2016) expand on this, suggesting that Airbnb also pervade traditional tourist accommodation, such as hotels. However, the knowledge surrounding the impact on hotels and Airbnb to the retail land-use is limited; but, remains necessary, due to the significant contribution tourism provides on the city's highly competitive retail segment. Understanding the dynamics here might help us uncover interesting insight into the effects that temporary accommodation plays in changing its urban realm. Specifically for Airbnb, this call for an investigation is further strengthened given the fact London contains the greatest Airbnb supply globally (based on data from insideairbnb.com).
In our study, the hypothesis is that the interactions between TA and the food industry are not universal across space. Therefore we test our data using three different models: OLS, GWR and MGWR to describe the spatial distribution of Airbnb and hotels as determinants of the food industry in London. Previous studies have highlighted how hotels benefit strongly from the locational attributes of their proximate tourist and retail amenities (Arbel and Pizam, 1977; Shoval et al., 2011; Shoval and Raveh, 2004) . Thus, in this paper, we investigate whether the local retail landscapes equally exhibit spatially-dependent distributions in relation to the existence of Airbnb. Following our study rationale, the remainder of our paper is organised as follows: firstly, the theoretical background of the relationship between Airbnb, hotels and F&B point of interest is described; secondly, we evaluate these relationships using OLS, GWR, and MGWR respectively. We continue by presenting our result and discuss its implications on retail land-use. Lastly, we conclude the paper and provide a recommendation for further study.
2 Inter-dependencies between Airbnb, hotels and food industry in urban tourism
The Online Platform Economy (OPE) is a business model that monetises access to assets (i.e. spare rooms, tools, vehicles) which has been receiving increased attention over the past decade (Albinsson and Yasanthi Perera, 2012; Botsman and Rogers, 2010; Agyeman et al., 2013; Guttentag, 2015) . Disruption by OPE is often viewed through the disruptive innovation lens (see Christensen et al. (2015) , Schmidt and Druehl (2008) , and Gobble (2016) ) through the provision of alternative services to those already established within the industry. In the hospitality sector, Airbnb is a prominent OPE that offers rentals in a marketplace that connects hosts (with entire apartments, private or shared listings) and guests, with the added benefit of competitive pricing for potential guests. The impacts of this novel disruption on the hospitality industry, such as from short-term rentals (STR) have been widely documented. They are argued to serve the same function as hotels for which there is apparent overlapping demand within their targeted demographic (Jamie Lane, 2016; Zervas et al., 2016) . Zervas et al. (2016) found an increase in Airbnb supply came with an estimated decline to hotel revenues of up to 8-10%. This has been particularly prominent within lower-end categories of hotels that may not cater to the needs of the entire cross-section of potential tourists and travellers (Zervas et al., 2016) . This competitive impact of Airbnb over traditional hotels was again substantiated in a recent study by Dogru et al. (2017) , which indicated a revenue decline of approximately 2.5% across all hotels in Boston. Arbel and Pizam (1977) found that the travel patterns of tourists within a city remain close to the vicinity of their chosen accommodation and their intent to visit individual areas of interest. This is a result that has been expanded upon in research by Shoval et al. (2011) , illustrating that large shares of tourist travel within a city often lies in a definable area that extends over their chosen accommodation. It can, therefore, be assumed that areas with high-clusters of hotels are often faced with the pressure to accommodate the increased temporal influx of tourist populations. This is most evident in the oversupplied and saturated city facilities (transport links, entertainment centre, etc.) within many central tourist areas (Shoval and Raveh, 2004) . The intensified use of these areas by tourists suggests there is increased retail opportunity (Yang et al., 2014) ; which corresponded to changes in business and retail land-use, like an increased number of F&B establishments, to meet the increased tourist demands. These studies call for a more in-depth review of policy mechanisms that deal with the integration of increased tourists movement with that of the land-use attributes of localised areas, and this paper serves to fill this gap.
Although findings from previous studies have pointed to a strong spatial relationship between the distribution of hotels and constructed tourist amenities, indicating the critical role tourist amenities play within proximate locations to hotels (Lee et al., 2018; Li et al., 2015) , this relationship is not very clear for STRs such as Airbnb. Several studies certainly suggested that the presence and availability of the Airbnb platform have steadily fulfilled a growing need for alternative accommodation within the hospitality industry (Guttentag et al., 2018; Zervas et al., 2016) . As such, the overlap of potential customers for all forms of temporary accommodation (TAs), whether provided by OPE platforms or hotel, is said to have a significant increase 2 over recent years (Dogru et al., 2017; Gutiérrez et al., 2017) . This is evident in both in the rising trend of hotels offering typical Airbnb attributes through purchase and partnerships (Solon, 2018) ; and, similarly, with Airbnb following this trend to capture a wider market share through the acquisition of other hotel booking platforms (Ting, 2018) . However, despite the growing supply of TAs through these forms of consolidation, the documented relationships and implications of Airbnb on local land-use remains limited; particularly, in comparison to the extensive literature on hotel spatial distributions. More specifically, whilst the spatial pattern of hotels can often be predicted by several factors, such as local zoning and planning regulations that further limit their densities and distribution, the impacts of new forms of accommodation types like those arising from STRs are largely still unknown. The primary concern raised in this paper is that of the relationship between STRs and the traditional hotel accommodation in the context of understanding current local land-use. In particular, we look at retail land-use through the lens of available food and beverage (F&B) establishments as an indicator for this relationship as they serve to cater both tourists and residents alike.
Overview of the dataset used
We use three dataset to describe the relationship of TAs, measured in Airbnbs and hotels, with F&B establishments. The first dataset is the traditional accommodation data (including guest houses, bed and breakfast, hostels, hotels, motels, country houses, inns, youth hostels, and other youth classifications) from the Ordinance Survey Points of Interest (POI) data. From the same data source, we also use data on F&B establishments, including restaurants, fast food outlets, pubs, and other similar types of venues. Our last dataset contains Airbnb listings, as a form of STR using the online platform, from Inside Airbnb (http://insideairbnb.com). These include private rooms, shared rooms, and entire homes. Figure 1 shows the data across London. It illustrates the concentration of our study's 1382 hotels distributed in only 644 LSOAs (13% of the total LSOA) in Figure 1a . Less extreme is the distribution of Airbnb. The data contains over 69,000 Airbnb listings; however, we only consider active listings (these are proxied by the presence of at least one review). Airbnb which satisfy this condition is aggregated for each LSOA in London for a total of 50,000 listings across 3982 LSOAs (82% of all LSOAs) (Figure 1b) . Lastly, Figure 1c shows the spatial distribution of 27,716 F&B establishments in London, distributed in 3306 LSOA (68% of the total LSOA). A summary of these counts is provided in Table 1 . Due to a different representation of data, for example, an Airbnb can be shared, private or entire home listing with small capacity for occupants, while a hotel might actually represent hundreds of room, we use z-score to standardise our data value. We re-calculate the data distribution to have a mean of 0 and a standard deviation of 1, as proposed by various studies using GWR method (Fotheringham et al., 2017; Oshan et al., 2018; Yu et al., 2019) . This method is proven more effective than other standardisation methods generally (Milligan and Cooper, 1988) . What it does is it recalculates each value and based on the data mean and standard deviation, so then the data is redistributed according to below average, near average, and above average. indicates problematic multicollinearity (Wheeler and Tiefelsdorf, 2005; Wheeler, 2007) . From Table 2 we can see that both covariates are not exhibiting multicollinearity with VIF close to 1. We set a baseline of the relationship between TAs and F&Bs using a multivariate linear regression with two independent variables, namely Airbnb and hotels. The result of this regression is reported in Table 3 suggesting a positive statistically significant relationship between the presence of F&B establishments and both TA types. However, the model exhibits poor performance, explaining only 28% of the variation in the data. As a next step, we exclude significant outliers, which are defined as those beyond a far outer Tukey Fence (i.e. 3 times the interquartile range). Such outliers are present in the hotel and F&B data: Westminster, where there is an area with a total of 55 hotels; and, in the City of London, with 723 F&B establishments.
Statistical base-lining
lm -with outliers lm -without outliers We then check our data for spatial autocorrelation using Moran's I. Spatial autocorrelation captures the spatial relationship of a dataset, where closer observations are more related than distant ones (Anselin, 2001) . Our result for Moran's I test indicates that the residuals show spatial dependence (p-value of < 0.01). We can also see the effect of spatial auto-correlation in Figure  2 . There is a clear pattern in space: highest under predictions (dark blue) are clustered in central London, whereas over predicted residuals (red) are in the periphery, with smaller clusters in the northern and southwestern boroughs. Based on the above and to create a more robust estimate, we disregard the global regression model. The problem with this approach is that heterogeneity is lost across space. Global statistics, such as the multiple linear regression used above, generalise across a study area, reducing the inherent variability at localised scales. The addition of a spatial facet diminishes 'spatial stationarity' (Fotheringham, 1997, p.89) in the data; and, therefore, our methodology needs to be adapted to account for this. Geographically weighted regression (GWR) is a method to localise regression modelling to understand the relationships between variables across space, thereby addressing the issue of spatial autocorrelation (Brunsdon et al., 1996; Fotheringham, 1997; Fotheringham et al., 1998). 4 Analysing spatial heterogeneity using GWR and MGWR methods 
We conduct GWR using spgwr package within the R ecosystem (for complete methodology check Bivand et al. (2017) ). In analysing our data using GWR method, we first need an understanding of what is local. We do this by specifying bandwidth, for which to take data points into account for the local regression model. The GWR measure the observation in accordance with the proximity to point i, which is LSOA in our case study. This bandwidth value is computed based on each LSOA point so as to find the optimum range for which to include other data points, whilst minimising the error of local model at each point. Therefore, for many possible bandwidth values, β , the procedure minimises the function s(β), which is the prediction error model at each point as shown in Equation 2.
Then, we determine the weights of for each observation w ij , relative to all regressions at the F&B points. As our data contains outliers and long-tailed error distribution, we use an adaptive bi-square kernel (refer to Charlton et al. (2009), p5-8) , where only observations inside the bandwidth are taken into account, nullifying the rest. An adaptive kernel is more favourable when dealing with non-uniform spatial distributions (Oshan et al., 2018) . The weight of data point j at regression point i (w ij ) based on the distance between regression point i and data point j (d ij ) can be calculated as follow in Equation 3. The optimal bandwidth size is calculated based on the number of neighbouring observations and the optimal proportion is returned by minimising the Akaike Information Criterion (AICc) score (Fotheringham et al., 1998) .
Because GWR assumes bandwidth is constant for each relationship, there are possibilities for misspecification of one or more scales (Oshan et al., 2018) . Thus, MGWR further extends the functionality of GWR by allowing the use of specific bandwidth for each variable denoted as bw allowing the model to operate at different spatial scales (Fotheringham et al., 2017 Oshan et al. (2018) ). The computation is based on iterations of optimum bandwidth for each parameter estimates. MGWR model can be written as follow (Equation 4):
Results and discussion
As the previous OLS model exhibits poor performance and the residuals indicate spatial autocorrelation, it is not an ideal model to analyse the relationship of Airbnb, hotels and F&B locations. Therefore, this section focuses on the result of the later models used in explaining the spatial heterogeneity through geographically weighted regression (GWR) and multi-scale geographically weighted regression (MGWR).
Model comparison and performance
We conduct two different models: GWR and MGWR. Table 4 shows the comparison between the result of the implemented models. It showcases the descriptive statistic of the parameter estimates and the model's goodness of fit. Based on the analysis, MGWR performs slightly better, as shown by lower Corrected Akaike Information Criterion (AICc), lower Residual Sum of Square (RSS), and higher R 2 , compared to GWR. Generally, AICc is used for model selection in GWR (Charlton et al., 2009) , representing the relative amount of lost information in the model by considering both the risk of overfitting and underfitting (Akaike, 1998) . The AICc for MGWR is 7656, compared to 8077 for GWR, showing that the MGWR model is of higher quality due to the lower level of model losses. The RSS for MGWR is also lower, meaning that the model has less discrepancy between the observed and estimated values. The R 2 improved slightly when changing from GWR to MGWR, thus implementing different bandwidth for each variable allows the model to explain more variance in the model. Table 4 showcases that a single bandwidth of 69 is used for the GWR model, while the MGWR bandwidths show different spatial scales -73 for Airbnb and 43 for hotels based on the calculation after 30 iterations. The performance of both models depends largely on the optimum use of bandwidths or neighbouring values for model smoothing where each local estimation is based (Charlton et al., 2009) . By allowing multiple bandwidths in MGWR, the model accounts for an optimal number of neighbours for each parameter estimate, providing more accurate predictions for the response variables. Next, we plot the residuals from both models in order to Figure 3 shows the comparison between model residuals calculated from the difference between observed values and estimated values returned by both GWR and MGWR. We can observe that the GWR residuals still show some spatial clusterings, especially in inner London and west London near Heathrow airport, meaning that the GWR model is unable to explain the observation optimally. In contrast, MGWR residual appears to be distributed randomly, showcasing that only random errors are left. Thus, based on the previous analysis of the model performance, as well as the spatial distribution of the model residuals, MGWR is more favourable compared to GWR and the next section will focus on the result of MGWR model. Figure 4 presents the 3D visualisation of the MGWR parameter estimates based on our previous model below: The method to incorporate the MGWR parameter estimates (the range of minimum and maximum values) into the MGWR model shown in Equation 5 is used previously by Brunsdon et al. (2001) to show how the estimates vary across space for each variable. The parameter surface in Figure 4 represent the concentration of predicted F&B establishments using the model parameters if we were to increase both TAs (Airbnb and hotels) by one unit in the MGWR model. We can see from the 3D visualisation, how the parameter estimates have spikes (higher values) and lower surfaces in other areas, indicating that the relationship of temporary accommodations towards F&B is not constant across space, but instead they are nonstationary.
Model

MGWR model interpretation
To gain a more detailed understanding of the local variation, in this section, we present the result of the model. The MGWR model shows that the relationship between Airbnb and F&B establishments happens at a larger spatial scale compared to 7 hotels. Figure 5a and 5b shows the parameter estimates of the variables using the different bandwidth assigned by the MGWR model. All the spatial distribution in this paper is mapped using quantiles range. As MGWR provide us with an abundance of information, another measure beside parameter estimates is needed. Figure 5 also shows the level of significance for Airbnb ( Figure 5c ) and hotel (Figure 5d ), where the darker areas show higher t-values corresponding to higher significance. T-values increases along with an increase of difference between sample data and the null hypothesis.
From Another observation is that TAs do not always show the same relationship to F&Bs. Figure 6b shows areas where the sign of the parameter estimate for hotels differed from Airbnb. These are areas where Airbnb and hotels have different relationships with F&B, in contrast with one another. The areas with diagonal pattern are those with positive Airbnb estimates and a negative coefficient for hotels. These are mostly in patches of residential areas north and south London, where most of the areas are not serviced by hotels, i.e. Lewisham and Enfield. But they are also areas with some larger attractions that cater to visitors such as Westminster and Camden.
Conversely, we find that LSOA for which hotel estimates are positive and Airbnb estimates are negative have close links to air travel facilities either through simple geographic proximity or convenient transport links. Hotels appear to be prevalent in areas close to airports. It could be that hotels take precedent over Airbnb in these areas because of the former offer more expansive support (e.g. flexible check-in hours, larger facilities and other services), which would be convenient to air travellers. This claim could be supported by further work that more specifically examines what services hotel offer that would be of value to air travellers.
There are two limitations to our study. Firstly, we consider a fairly limited number of variables, making our GWR analysis relatively focused. Whilst the model shows a strong relationship between these variables, it may also be prudent to include other sub-sectors within the retail industry to improve the study results. Also, as previously suggested, the study can be augmented using additional data in particular demographic variables. Secondly, we only analyse a single snapshot of the phenomenon thus it is not possible to present any changes in land-use associated with the presence of TAs. Based on this, a suggestion for further work would be to consider this analysis using time-series data when this is available.
Despite the limitations mentioned above, our study contributes to the development of current urban studies especially related to tourism and land-use. This paper serves as an example of the modelling of the relationship of TAs (Airbnb and hotels) in relation to F&B in London, as an example of shared city land-use between visitors and residents. The GWR and MGWR results raise the point that the interaction between TAs and F&Bs is complex and happened at localised levels.
Conclusions
In urban tourism, the impact of hotel presence in cities are widely studied for example in relationship with the distribution of local amenities e.g. food industry. Localities are important as location is a highly prominent aspect for hotel spatial locations. However, the rise of digital platforms in hospitality industry for the past decade has given a new nuance to the overall temporary accommodation sector, but this addition is largely understudied. That is why, our study offers a synoptic view of London in terms of the relationship between F&B and TAs, including Airbnb (as an example of Internet based short term rental) and hotels (traditional tourist accommodation). Upon conducting three different models to measure this relationship, we find that spatial heterogeneity is lost in OLS, thus a more robust model is needed. The GWR and MGWR both improve the model performance, by allowing the local variations to be captured. The latter model, MGWR, further allows the use of different bandwidth to be used, so the analysis can be conducted in different spatial scales. This method can be implemented to analyse phenomena which variables vary locally and exhibit spatial non-stationarity in different levels.
Generally, as also the case of hotels, F&B exhibits spatial dependence to Airbnb as indicated in our analysis. Thus, both Airbnb and hotels can be an indicator for saturation of the food industry in cities as they provide pressure to city facilities especially those that cater to the needs of both visitors and residents. Our MGWR model provides us with two main findings. Firstly, although both Airbnb and hotel location can provide an estimate in the saturation of the food industry, the two types of temporary accommodation exhibit relationships with F&B across two different spatial scales. By allowing the use of different optimum scales among the two variables in our analysis, we are able to assess the complexity of the effect of both types of temporary accommodations on the food industry. The relationship between Airbnb and F&B happens in a larger spatial scale, indicated by a larger bandwidth of 73. This means that for the case of Airbnb, the model needs a larger amount of neighbouring values for the model to perform optimally. This is possibly due to the spatial locations of Airbnb that is monocentric yet distributed all across the city with very high numbers. So, compared with the hotel locations that have multiple concentrations, but scarce overall (in terms of distribution, many areas in cities are not serviced by hotels), the use of smaller bandwidth provides a more optimum result. Thus, the relationship between hotel and F&B can be analysed in a smaller spatial scale.
Secondly, both types of temporary accommodations has different relationships with F&B . While Airbnb have a stronger relationship with the local F&B land use in areas with a predominantly residential built environment fabric near the tourist attractions, hotels have a stronger relationship with transport links such as airports. This suggests that, from a land-use perspective, the F&B and possibly wider local retail in these areas might be more sensitive to visitor needs, rather than local ones. Therefore, this finding could justify the need to put extra care in issuing land-use permissions and short-term rental regulations in these areas to ensure a balance is struck between local and visitor needs.
To conclude, our study shows that we are not able to capture the complexities of the interactions between F&B and temporary accommodations using simple regression as the overall relationship is not universal. Using GWR, the model specification improves significantly showing that local retail landscapes equally exhibit spatially-dependent distributions in relation to the existence of both hotels and Airbnb. But, MGWR model further shows that these interactions happen in different spatial scales for hotels and Airbnb where Airbnb shows the relationship with F&B at a larger spatial scale compared to hotels. The proliferation of online tourist accommodation in residential areas prove to subject these areas with similar pressure for local industries as hotels do. Th. Gis study shows that MGWR is performing well in capturing this purpose.
